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ABSTRACT
This paper investigates determinants of shifts in living standards
for Vietnamese households, measured by the difference in consump-
tion at two different points in time.  In agreement with studies on
other countries, results show that education, household composi-
tion, and community infrastructure are strongly related to consump-
tion changes.  A main contribution of the paper is to propose novel
analytical techniques for the modeling of shifts in living standards.
In particular, it proposes the use of Directed Acyclic Graphs to help
identify direct and indirect predictors of consumption differences
and protect against spurious correlations, and advocates the use of
Multivariate Adaptive Regression Splines (MARS) to help identify
nonlinearity and interactions.  It suggests graphical methods to guide
the interpretation of the models.
T
his paper investigates the shifts in living standards experienced by
Vietnamese households between 1992 and 1998.  The period under
consideration spans an economic boom, during which growth aver-
aged 8.9 percent (Haughton et al. 2001).  Such a boom can be consid-
ered as a positive economic shock (such as discussed in Glewwe and Hall 1998,
where the shock was of a negative nature), and the question of how the status of
households evolves over a period of such intense change becomes of interest.
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This paper thus discusses which households experience a positive or negative
shift in living standards over this period.  A negative shift in living standards can
be considered as a measure of vulnerability, although other approaches to measur-
ing vulnerability are available, as discussed below.
The concept of poverty, which focuses on current socioeconomic status
(SES), and of vulnerability, which focuses on changes in SES, are differentiated
here; policy measures to treat vulnerability may differ from those needed to
treat persistent poverty.  This paper will follow a framework introduced by
Glewwe and Hall (1998) for Peru.  The living standard of a household will be
measured by yearly expenditure per capita, and the analysis will focus on
market-induced vulnerability, as opposed to policy-induced vulnerability
(Glewwe and Hall 1998).  This implies that the analysis will subtract govern-
ment transfers from household expenditures.
This paper contributes to the literature on living standards in two directions:
First, it applies the framework introduced by Glewwe and Hall (1998) to the case of
Vietnam; and second, it proposes methodological advances beyond standard re-
gression modeling.  Interaction effects—not always identifiable from the start—
are present in this model, and show more nuances in the relationship between the
dependent variable and some predictors. For example, the relationship between
the number of children and the shift in consumption is in fact more complex than a
standard regression model would imply.  An article by Foster and Stine (2004) finds
that predictive models that ignore interaction effects tend to overfit the data.
The study considers the following definition of vulnerability:
Definition  (Glewwe and Hall 1998):  a household is vulnerable if it experi-
ences a large swing downward in expenditure per capita over the period studied.
There are several pieces of research related to this study.  Glewwe and Hall
introduce the theoretical framework used in this paper and apply it to a study of
household vulnerability in Peru.  Jalan and Ravallion (1999) investigate the vulner-
ability to income risk in China. Adger (1999) provides a case study on social
vulnerability to climate changes and extremes in Vietnam.  Ligon and Schechter
(2003) define a measure of vulnerability that quantifies the welfare loss associated
with poverty as well as the loss associated with different sources of uncertainty,
and apply this measure to a panel dataset on Bulgaria.  Kurosaki (2006) presents an
analysis of vulnerability to risk in rural Pakistan.
Several articles study vulnerability defined as jumps down the expendi-
ture quintiles.  Glewwe et al. (2002) investigate who gained (and lost) from the
1990s boom in Vietnam.  Haughton et al. (2001) investigate characteristics of
"shooting stars" (as well as "sinking stones")—households whose expendi-
ture per capita went up (down) by at least two quintiles between 1992 and 1998.
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as well as by the paper by Tabunda and Albert (2002) mentioned below,  this
current study will focus on the shifts in living standards measured by the
difference in logarithms of expenditure per capita.
A comprehensive article by Tabunda and Albert (2002) presents an analysis
of Philippine household vulnerability to such shocks as the Asian financial crisis
in 1997 and El Niño phenomenon, using a panel of 11,723 households.  The au-
thors use, among other methods, a Classification and Regression Trees (CART)
model to help identify shooting stars and sinking stones (as in Haughton et. al
2001).  The authors also propose an interesting approach that consists of regress-
ing the logarithm of consumption on household and community characteristics,
and on a dummy variable that indicates whether a household was exposed to a
shock, including interactions with other variables.  This method makes it possible
(1) to compare a counterfactual consumption conditional on the lack of exposure
to the shock to the actual consumption; (2) to yield an estimate of the impact of the
shock; and (3) at the same time, to investigate whether some characteristics miti-
gate the effect of the shock (via interaction terms).  Another interesting feature of
this method is that it requires consumption data at only one point in time.  In the
Vietnam case, because all households were exposed to the major changes during
1992-1998, this method was not feasible, but it is worth noting as it could be
pressed into service each time we know which households were exposed to a
shock and which were not.
Readers may also refer to Haughton (2006) for a general introduction to
vulnerability measures.  In particular, a method used by Chaudhuri et al. (2001) can
be applied when panel data are not available. Here, one estimates the variance of
the logarithm of consumption by regressing the logarithm of consumption on
some household characteristics, and then regressing the squared residuals from
that regression on household characteristics. Yet, another approach is to trace
the effects of rare events though simulation (see Haughton and Kinh 2004).
While this paper does not aim to test a general theory, the choice of candi-
date variables for its models relies on the theoretical framework used in Glewwe
and Hall (1998)—although with a few other exogenous variables about the com-
munity infrastructure near the household added into the framework.
DATA AND VARIABLES USED
This paper uses the Vietnam Living Standards Survey (VLSS) of 1992 and 1998.
These surveys essentially follow the World Bank Living Standard Measurement
Study (LSMS) framework, with questionnaires that have been adapted to the
Vietnamese context and tested in the field.  The survey sampling (stratified with
two-level clustering) was performed carefully and competent data cleaning imple-
mented.  Data from the VLSSs are widely considered to be of high quality.PHILIPPINE JOURNAL OF DEVELOPMENT 2005 82
About 4,300 households interviewed in 1993 were re-interviewed in 1998.
This provides interesting opportunities for panel analyses; however, there is a
probability that the 1998 VLSS may underrepresent recently formed households.
There is also a question on whether both surveys' unregistered residents were
effectively sampled.
For more details on the surveys, one can read, for example, Chapter 1 of
Haughton et al. (2001), and the World Bank web site (World Bank 2006) for the
latter's Living Standards Measurement Survey program, and gain access to
questionnaires, details on the sampling procedure, and other useful information.
The analyses are based on a panel of 4,272 households interviewed both in
1992 and 1998.  Note that because the 1993 survey was self-weighting, the same
applies to the panel, so that it is not necessary to use weights when working with
this panel.  Table 1 gives the description and summary statistics of the variables
that will be used in the paper.
MODELS OF CONSUMPTION AND OF DIFFERENCE IN CONSUMPTION
Following Glewwe and Hall (1998), this study uses exogenous variables as inde-
pendent variables; namely, those household characteristics that are determined
by the adulthood stage of the household head and community-level variables.
Then, other (endogenous) variables, controlling for the exogenous variables, are
considered.  The dependent variables are the logarithm of expenditures in 1992
and in 1998, and the difference in the logarithm of expenditures between 1992 and
1998.  A positive difference indicates less vulnerability (an increase in living stan-
dards), while a negative difference indicates a higher vulnerability (a decrease in
living standards).  In all models, the effects of independent variables are ceteris
paribus (i.e., other variables held constant).  Table 2 presents the results of three
regressions, with dependent variables given by the logarithm of expenditure per
capita in 1992 and in 1998, and the difference in logged expenditure per capita
between 1998 and 1992.
Table 2 reveals that the age of the household head, which was not signifi-
cant in 1992, has become significant in 1998 (the maximum of the quadratic func-
tion of age in the model is at about 80); age is significant in the difference model
(with a maximum at about 47).  This means that the older the household head (up to
80 years of age), the better off the household in 1998.  The effect of age on
vulnerability is interesting.  The age of the head helps decrease vulnerability, up to
age 47; age beyond 47 years increases vulnerability.
Table 2 also shows a strong effect of the household head's education on
consumption levels; this effect is slightly stronger in 1998.  Findings are in line
with Glewwe and Hall's results for Peru, and are consistent with Schultz's
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nomic disequilibrium.  However, the education level could act as a proxy for the
level of contacts held by the head, and such level could be the determining
factor.  This observation is supported by the fact that regions with the highest
Table 1. Variables used and summary statistics
Variable Description Mean Std. Dev.
FEMALE92 Female head of household? (yes = 1, no = 0) 0.26 0.44
HGOVT92 Head in government? (92) (yes = 1, no = 0) 0.02 0.14
HWCOLL92 Head white collar? (92) (yes = 1, no = 0) 0.11 0.32
HHSIZE92 Household size (92) 5.03 2.17
KID92 Number of children (92) 2.02 1.56
ELD92 Number of elderly (92) 0.40 0.66
NOSICK92 Number of sick (92) 1.39 1.56
DOMREM Domestic remittances amount in ‘000 VND (92) 145.10 821.36
OVERSREM Overseas remittances amount in ‘000 VND (92) 372.86 5558.70
DOMREM92 Received domestic remittances? (92) (yes = 1, no = 0) 0.18 0.39
OVSREM92 Received overseas remittances? (92) (yes = 1, no = 0) 0.05 0.22
DOMGIVE Gave domestic remittances (92) (yes = 1, no = 0) 0.16 0.37
OVERGIVE Gave overseas remittances (92) (yes = 1, no = 0) 0.00 0.03
SAVINGS Amount of savings in ‘000 VND (92) 1545.35 13446.61
SBORR92 Amount of borrowing in ‘000 VND (92) 1033.74 17773.07
BORR92 Borrowed money? (92) (yes = 1, no = 0) 0.49 0.50
LEND92 Lent money? (92) (yes = 1, no = 0) 0.16 0.37
AGE Age of head in years (in 1998) 48.33 13.81
AGE2 Age squared 2526.09 1437.98
EDUCYR98 Number of years of education of head 6.90 4.31
URBAN98 Urban (98) (yes = 1, no = 0) 0.21 0.41
MEDY98I Number of years of education of mother (imputed when miss.) 2.61 1.50
MEDYR98M Missing mother’s education?(yes = 1, no = 0) 0.66 0.47
FEDY98I Number of years of education of father (imputed when miss.) 3.54 2.69
FEDYR98M Missing father’s education? (yes = 1, no = 0) 0.45 0.50
FATHERLIVE Father of head is alive? (yes = 1, no = 0) 0.28 0.45
MOTHERLIVE Mother of head is alive? (yes = 1, no = 0) 0.46 0.50
FAWCOLL92 Father of head white collar? (92) (yes = 1, no = 0) 0.11 0.31
MOWCOLL92 Mother of head white collar? (92) (yes = 1, no = 0) 0.10 0.30
DISASTER Commune received disaster relief?(98) (yes = 1, no = 0) 0.55 0.50
DISTROAD Distance from commune to the nearest road (km) 0.88 3.01
ELECT Electricity in commune (98) (yes = 1, no = 0) 0.93 0.26
FAC10KML Factory within 10 kms of commune (98) (yes = 1, no = 0) 0.52 0.50
RPCEXP92ADJ Real per cap. exp. in ‘000 98 VND (92) 1290.83 1002.39
RPCEXP98ADJ Real per cap. exp. in ‘000 98 VND (98) 2676.88 2190.78
Note: Negative values for real per-capita expenditures occur for about 20 cases, and are because
government transfers were subtracted from household expenditures.  One US$ equals VND
15,827.50 on March 25th 2006.PHILIPPINE JOURNAL OF DEVELOPMENT 2005 84
Table 2. Models of consumption and difference in consumption, with exogenous
variables only
LExp 92 LExp 98 DLogExp
Coeff. p-value Coeff. p-value Coeff. p-value
AGE -0.0004 0.911 0.016 0.000 0.017 0.000
AGE2 0.0001 0.071 0.000 0.017 0.000 0.000
EDUCYR98 0.0185 0.000 0.021 0.000 0.002 0.279
URBAN98 0.3751 0.000 0.394 0.000 0.015 0.493
MEDY98I -0.0010 0.874 0.008 0.207 0.009 0.123
MEDYR98M -0.0288 0.128 -0.078 0.000 -0.049 0.007
FEDY98I 0.0020 0.559 0.001 0.701 -0.001 0.837
FEDYR98M -0.0853 0.000 -0.083 0.000 -0.001 0.956
FATHERLIVE 0.0342 0.072 0.004 0.824 -0.030 0.106
MOTHERLIVE 0.0329 0.074 0.012 0.541 -0.022 0.222
FAWCOLL92 0.0810 0.002 0.074 0.008 -0.005 0.851
MOWCOLL92 0.1944 0.000 0.195 0.000 0.004 0.877
DISASTER 0.0725 0.000 -0.024 0.176 -0.095 0.000
DISTROAD 0.0174 0.000 0.009 0.001 -0.008 0.001
ELECT 0.2609 0.000 0.302 0.000 0.041 0.176
FAC10KML 0.1137 0.000 0.154 0.000 0.039 0.017
CONSTANT 6.6846 0.000 6.625 0.000 -0.072 0.510
Note: The  coefficients  of  AGE2  (age squared)  in  the  Lexp92, Lexp98, and Dlogexp models are
0.00007, -0.00010, and -0.00018 to five decimal places, respectively. R-squares and numbers
of observations are 0.23, n = 4,271; 0.28, n = 4,260; and 0.04, n = 4,259  for the Lexp92, Lexp98,
and Dlogexp models, respectively.
levels of education are not necessarily regions of highest growth.  Note that the
educational level of the household head is not significant in the vulnerability
model with exogenous variables alone.
Community variables are in general significant, both for consumption levels
and vulnerability.  A community's earlier applications for disaster relief and the
distance from the community to the nearest car-able road tend to be associated
with a higher vulnerability, while the presence of a factory within 10 kilometers of
the community tends to be associated with a lower vulnerability and higher
consumption level.
Finally, the white collar status of the household head's father or mother
is significant for levels of expenditures in 1992 and 1998, but not for vul-
nerability.  The same applies to the availability of electricity in the commune
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CHANGE IN PER-CAPITA CONSUMPTION:  GENDER, OCCUPATION
OF HEAD,  AND HOUSEHOLD COMPOSITION
It is now time to investigate whether female-led households, households headed
by workers in certain sectors, and households with some household composi-
tions are more or less vulnerable.  Glewwe and Hall (1998) explain why these
variables can be considered as endogenous.  Table 3 reveals that the gender of
the head is not significant, that the position of the head as a government worker
is moderately significant (decreases vulnerability) with a p-value of 0.069 (of
course, this variable may not adequately capture sectoral differences in the
occupation of the household head).  The composition of the household is sig-
Table 3. Consumption shift models, with gender, occupation of head, and household
composition controlling for exogenous variables
Gender of head Occupation of head Household composition








age 0.0170 0.000 0.0170 0.000 0.0042 0.3290
age2 -0.0002 0.000 -0.0002 0.000 0.0000 0.3530
educyr98 0.0020 0.316 0.0021 0.297 0.0036 0.0690
urban98 0.0162 0.458 0.0172 0.431 0.0254 0.2350
medy98I 0.0093 0.119 0.0095 0.112 0.0109 0.0650
medyr98M -0.0495 0.007 -0.0491 0.008 -0.0517 0.0050
fedy98I -0.0007 0.838 -0.0007 0.841 0.0004 0.8990
fedyr98M -0.0010 0.955 -0.0016 0.930 -0.0038 0.8310
fatherlive -0.0303 0.101 -0.0298 0.106 -0.0386 0.0340
motherlive -0.0217 0.224 -0.0219 0.221 -0.0264 0.1360
faWcoll92 -0.0047 0.856 -0.0030 0.907 -0.0046 0.8550
moWcoll92 0.0044 0.871 0.0068 0.802 -0.0092 0.7300
disaster -0.0951 0.000 -0.0949 0.000 -0.0948 0.0000
distroad -0.0084 0.001 -0.0084 0.001 -0.0095 0.0000
elect 0.0410 0.175 0.0408 0.177 0.0448 0.1330
fac10kml 0.0395 0.016 0.0400 0.015 0.0486 0.0030
constant -0.0707 0.519 -0.0734 0.504 0.0641 0.5690
Notes: R-squares for the gender of head, occupation of head, and household composition models are
0.037, 0.038, and 0.063, respectively; n = 4,259 for all three models.PHILIPPINE JOURNAL OF DEVELOPMENT 2005 86
nificant: Household size and number of children decrease vulnerability, while
the number of households with sick members increases it.  However, as will be
discussed later in the paper, these effects need to be qualified, since increasing
the size of the household or the number of children indefinitely is unlikely to
keep decreasing vulnerability, and since the effects of the composition of the
household may depend on other predictors.
CHANGE IN PER-CAPITA CONSUMPTION:  TRANSFERS AND
HOUSEHOLD ASSETS
It is now time to investigate the effect of endogenous variables such as transfers
and household assets on vulnerability.  In Table 4, (1) the amounts of domestic or
overseas transfers are not significant; (2) the relationship between these variables
and vulnerability may be more complicated than linear, but dummy variables for
having received or given domestic transfers are significant; (3) having received
domestic transfers reduces vulnerability while having given domestic transfers
seems to increase it.  A lending activity is associated with higher vulnerability.
Finally, the variable on the amount of savings is not significant (as found in
Glewwe and Hall 1998).
CHANGE IN PER-CAPITA CONSUMPTION:  A DIRECTED ACYCLIC
GRAPH (DAG)
This section further investigates endogenous and exogenous variables together
as independent variables and attempts to identify which variables form a statisti-
cally dependent pair with the dependent variable, conditionally on other variables.
Thus, a Directed Acyclic Graph (DAG) is proposed to fit into the vulnerability
data, using the Tetrad algorithm due to Spirtes et al. (1996).  This methodology
considers all pairs of variables, and eliminates links between pairs that are condi-
tionally independent.  This technique was used for the first time in the context of
development economics by Bessler and Loper (2001), and represents an important
step toward attempts to establish causality.  While it is quite unlikely that causal-
ity could be established from survey data, this approach is an improvement over
techniques such as the stepwise methods, notably because the former brings
about a better chance of identifying and removing spurious correlations.
For an introduction to these methods, refer to Bessler and Loper (2001),
books by Pearl (2000) and by Edwards (2000), and a review of DAG software
packages by Haughton et al. (2006).  The next paragraphs briefly outline the
main ideas.
A directed graph is an ordered pair G = (V, A) where V is a set of nodes or
vertices (variables) and A is a set of ordered pairs of vertices (or a set of directed
edges).  A DAG is a directed graph such that for each vertex x, there is no non-emptyHAUGHTON AND LE 87
Table 4. Vulnerability models, with transfers and household assets, controlling for
exogenous variables
Transfers received Transfer network Household assets











AGE 0.0169 0.000 0.0186 0.000 0.0173 0.000
AGE2 -0.0002 0.000 -0.0002 0.000 -0.0002 0.000
EDUCYR98 0.0022 0.275 0.0026 0.201 0.0028 0.160
URBAN98 0.0147 0.498 0.0134 0.537 0.0113 0.601
MEDY98I 0.0092 0.124 0.0088 0.138 0.0088 0.138
MEDYR98M -0.0494 0.007 -0.0493 0.007 -0.0500 0.007
FEDY98I -0.0007 0.844 -0.0007 0.833 -0.0010 0.765
FEDYR98M -0.0011 0.949 -0.0028 0.875 -0.0011 0.951
FATHERLIVE -0.0297 0.107 -0.0298 0.106 -0.0298 0.106
MOTHERLIVE -0.0219 0.221 -0.0206 0.248 -0.0219 0.221
FAWCOLL92 -0.0049 0.849 -0.0080 0.754 -0.0044 0.863
MOWCOLL92 0.0042 0.875 -0.0021 0.938 0.0041 0.878
DISASTER -0.0950 0.000 -0.0947 0.000 -0.0938 0.000
DISTROAD -0.0084 0.001 -0.0087 0.001 -0.0081 0.001
ELECT 0.0409 0.176 0.0431 0.153 0.0461 0.127
FAC10KML 0.0394 0.017 0.0388 0.018 0.0381 0.020
CONSTANT -0.0719 0.512 -0.1098 0.320 -0.0617 0.574
Notes: The coefficients of DOMREM AND OVERSREM in the first DLogExp model, and of SAVINGS
and SBORR92 in the third DLogExp model, are zero to at least five decimal places and highly
insignificant.  R-squares  are  0.037, 0.041, and 0.040, respectively;  n = 4,259  for  all  three
models.
directed path that begins and ends with x.  For example, if  V = {x, y, z} and A = {(y , x),
(z, x)}, G = (V, A) is a directed acyclic graph.  In contrast, the directed graph, G'=(V, A'),
where V = { x, y, z} and A' = {(y, x), (x, z), (z, y)}, is not a directed acyclic graph.
The nodes of the DAG (also referred to as a Bayesian network) are variables,
and the set of directed edges represents conditional dependence relationships
among the variables, with an orientation derived from an algorithm to be described
below (referred to as the Partial Correlation [PC] algorithm).  When there exists aPHILIPPINE JOURNAL OF DEVELOPMENT 2005 88
directed edge from node x to y, then x is said to be a parent of y. Given this
structure, a Bayesian network is a representation of the joint density of all vari-
ables signified by the nodes of the graph. Let X1 … Xn denote the variables and
parent(Xi) the set of parents of the variable Xi. A DAG represents the joint distri-
bution f  if the following decomposition holds:
                                                                                                     ,
where the product is calculated over all variables Xi in the Bayesian network
(nodes in the DAG), and each term in the product refers to the conditional
density of Xi given its parents. Because of a well-known theorem (see, for ex-
ample, Pearl [2000], Theorem 1.2.7, p. 19), a DAG representing a joint distribution
is equivalent to each variable being independent of its non-descendants given
its parents.
Applied to the DAG y→ x←z, the equation above implies that x and z are
unconditionally independent. When such a DAG occurs, by itself or as part of a
larger DAG, x is referred to as a collider. Colliders block dependency between
variables. In contrast, the DAG y← x →z has no collider; hence dependency
propagates through x and y and z are independent given x.
How does the PC algorithm work? First, a complete undirected graph is
created with each variable corresponding to a vertex. Then, edges are removed
in pairs with variables that are independent, either unconditionally or condi-
tionally, on a subset of the remaining variables. Independence is tested with
standard correlation tests (for continuous data assumed to be multivariate
normal) and by using a G2 test of independence in contingency tables (for
categorical data).
To orient the surviving links, the PC algorithm proceeds as follows:  For each
triplet x, y, z—such that both pairs (x, y) and (y, z) are linked but the pair (x, z) is not
linked—if y does not appear in any set which, when conditioned on, makes x and
z independent, then the triplet x, y, z is oriented as x→y←z, which makes y a
collider.  Once all such colliders are identified, the algorithm proceeds as follows: if
x→y, y and z are linked and x and z are not linked, and if there is no arrowhead at y,
then (y, x)  is oriented as y→z.  For those who would like to follow how the
algorithm unfolds on a particular example, refer to Appendix B of the Tetrad III user
manual (Spirtes et al. 2006).
Tetrad IV (Tetrad Project Homepage 2006) was used to build a DAG for the
data set in this paper; all the variables considered in the previous regression
models are included in the analysis.
A researcher's prior information about links can be incorporated; in this
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(logged) expenditures to an explanatory variable. Arrows were allowed into exog-
enous variables only if they originated from another exogenous variable.  Default
significance level is 0.05.
In Figure 1, Tetrad identifies eight variables that link to the difference in
(logged) expenditures (per capita):  FAC10KML, KID92, DISASTER, DISTROAD,
MEDYR98M, NOSICK92, DOMGIVE, and HHSIZE92.
Note that URBAN98 does not connect directly to the dependent variable
(although variables on infrastructure such as DISTROAD and FAC10KML do),
but via KID92 and DOMGIVE.  The variable EDUCYR98 does not link directly to
the dependent variable, but links to the variable DOMGIVE, which in turns links to
the dependent variable.
Interestingly, the AGE (or its square) of the household head does not di-
rectly link to vulnerability, but intervenes via KID92 (note that in Table 3, AGE was
not significant once the composition of the household was controlled.).  However,
the age of the head connects to variables such as education (of the head, and of
the household head's mother), and the number of children.
Assumptions needed to infer causality from this diagram are very strong, so
the researchers cannot claim causality. However, one advantage of the procedure
is to identify direct and indirect predictors of the dependent variable.
Figure 1. A tetrad model for vulnerabilityPHILIPPINE JOURNAL OF DEVELOPMENT 2005 90
A bi-directed arrow implies that Tetrad has determined common latent
variable links into the pair.  For example, a common latent variable is likely to
connect to the white collar status of both the mother and the father of the
household head.
The electricity variable also links indirectly to the dependent variable, via
the variable DOMGIVE, on whether or not the household handed out domestic
remittances, and both the DISASTER and the FAC10KML variables link to the
NOSICK92 variable.  It is not known at this point whether these links are positive
or negative.
To quantify the identified links, the study uses the variables selected by
Tetrad, with EDUCYR98 as an addition, in the modeling step in the next section.
CHANGE IN PER-CAPITA CONSUMPTION:  MULTIVARIATE ADAPTIVE
REGRESSION SPLINES (MARS) MODEL
The MARS algorithm, proposed by Friedman in 1991, relies on the following
basic ideas:
✦ For each continuous independent variable, MARS creates a piece-
wise linear function with too many change points (knots) to begin
with, and then prunes unnecessary knots by a backward procedure;
✦ For each independent categorical variable, MARS arranges categories
for the best fit possible;
✦ MARS looks for suitable interactions between independent variables;
✦ MARS ends up with a collection of Basis Functions, which are trans-
formations of independent variables taking into account nonlinearities
and interactions;
✦ MARS then estimates a least-squares model with a parsimonious set of
Basis Functions as independent variables.
The article that introduced MARS (Friedman 1991) discusses many aspects
of the algorithm such as how parsimony is achieved, which for the sake of brevity
are not covered in this paper.  The reader may also refer to the Salford Systems web
site, www.salford-systems.com (under Products, following the link to the MARS
interactive walkabout), for an introduction to MARS.
To build the MARS model, a maximum of 40 Basis Functions is allowed, and
ten-fold cross-validation is used to determine the penalty for additional knots.
This procedure resulted in an R-square of 0.104.  Interestingly, if instead of using
the variables identified by Tetrad as links into the dependent variable (plus
EDUCYR98), MARS is allowed to build a model with all variables as candidate
predictors with up to 80 Basis Functions, the resulting model will yield a slightly
smaller R-square and will be not as parsimonious.  The Tetrad model is therefore aHAUGHTON AND LE 91
useful guide as to which predictors to include in the analysis.  However, note that
dropping EDUCYR98 as a candidate predictor for MARS would bring the R-square
of the resulting model down to 0.068. Since experience indicates that education is
likely to be important, such variable is included into the MARS analysis.  The
Basis Functions identified by MARS are given in Table 5.  These Basis Functions
are nothing but judicious transformations of the independent variables, and the
equation given in Table 5 is the result of fitting to the dependent variable a least-
squares regression on the Basis Functions selected by MARS for the model.  The
last column in the table contains the number of observations where a given Basis
Function is not zero.
The basis functions in Table 5 can be interpreted as follows:  For example,
BF2 equals 2-KID92, but only when KID92 is less than or equal to 2.  Otherwise,
BF2 equals zero.  By examining the definition of BF7 and BF8, one can see that
KID92 interacts with EDUCYR98; also, by examining the definition of BF12, that
KID92 interacts with MEDYR98M.  These imply that the effect of KID92 on the
estimated difference in (logarithms of) expenditures will depend on the values of
the variables EDUCYR98 and MEDYR98M, and will differ according to whether
KID92 is less than or greater than 2.
Because such interactions and nonlinearities can be awkward to interpret,
this paper presents a graphical analysis in Figures 2, 3, and 4.  In Figure 2, the y-
axis shows the estimated differences in logarithms of expenditure per capita,
referred to as DLE in the legend; the x-axis presents the number of children in
1992, where the estimated DLE is computed from the equation in Table 5, but with
the following:
✦ The number of years of education of the household head fixed at
different values (7, 12, and 16 years);
✦ Dummy variable on whether the information about the education of the
household head's mother is missing (0 or 1); and
✦ Values of remaining variables in the model fixed at their median (so that
household size is fixed at five, for example).
So, for instance, the graph with a plain line DLE70 corresponds to EDUCYR98
equal to seven years, and MEDYR98M equal to 0.
Figure 2 readily reveals that the effect of increasing the number of children is
more complex when the initial number of children is 0 or 1, as compared to when it
is greater than 2.  Slopes of the lines beyond the value 2 for KID92 are all 0.012—
a relatively small effect.  In the left hand side of the graph, where KID92 is less that
2, the slopes are positive (with values of 0.065 for DLE70, 0.08 for DLE120, 0.105 for
DLE 71, and 0.12 for DLE121). However, the slopes are negative (-0.035 for DLE160
and -0.005 for DLE161) when the levels of education for the household head isPHILIPPINE JOURNAL OF DEVELOPMENT 2005 92
Table 5. Vulnerability MARS Model:  basis functions and equation
 BF1 = max(0, KID92 - 2.000); 1504
 BF2 = max(0, 2.000 - KID92 ); 1714
 BF3 = (DISASTER = 0); 1917
 BF5 = max(0, DISTROAD - 5.000); 190
 BF6 = max(0, 5.000 - DISTROAD ); 4004
 BF7 = max(0, EDUCYR98 - 11.000) * BF2; Interaction EDUCYR98 KID92 282
 BF8 = max(0, 11.000 - EDUCYR98 ) * BF2; Interaction EDUCYR98 KID92 1399
 BF9 = max(0, HHSIZE92 - 2.000) * BF6; Interaction HHSIZE92 DISTROAD 3627
 BF10 = max(0, 2.000 - HHSIZE92 ) * BF6; Interaction HHSIZE92 DISTROAD 93
 BF11 = max(0, NOSICK92 - .268753E-07) * BF6; Interaction NOSICK92 DISTROAD 2544
 BF12 = (MEDYR98M = 0) * BF2; Interaction MEDYR98M KID92 476
 BF14 = max(0, EDUCYR98 - 2.000); 3564
 BF15 = max(0, 2.000 - EDUCYR98 ); 475
 BF16 = ( DOMGIVE = 0); 3580
 BF17 = ( DOMGIVE = 1); 692
 BF18 = (FAC10KML = 0) * BF16; Interaction FAC10KML DOMGIVE 1753
 BF20 = (FAC10KML = 0) * BF5; Interaction FAC10KML DISTROAD 72
 BF22 = max(0, NOSICK92 - 1.000) * BF17; Interaction NOSICK92 DOMGIVE 283
 BF23 = max(0, 1.000 - NOSICK92 ) * BF17; Interaction NOSICK92 DOMGIVE 227
 BF24 = max(0, NOSICK92 - 4.000) * BF15; Interaction NOSICK92 EDUCYR98 26
 BF25 = max(0, 4.000 - NOSICK92 ) * BF15; Interaction NOSICK92 EDUCYR98 425
 BF26 = max(0, HHSIZE92 - 7.000) * BF5; Interaction HHSIZE92 DISTROAD 38
 BF27 = max(0, 7.000 - HHSIZE92 ) * BF5; Interaction HHSIZE92 DISTROAD 135
 BF28 = max(0, HHSIZE92 - 12.000) * BF14; Interaction HHSIZE92 EDUCYR98 10
 BF29 = max(0, 12.000 - HHSIZE92 ) * BF14; Interaction HHSIZE92 EDUCYR98 3539
 BF30 = (MEDYR98M = 0) * BF14; Interaction MEDYR98m EDUCYR98 1357
 BF32 = max(0, HHSIZE92 - 1.000) * BF1; Interaction HHSIZE92 KID92 1503
 BF33 = max(0, EDUCYR98 - 15.000) * BF2; Interaction EDUCYR98 KID92 46
 BF35 = max(0, DISTROAD - 3.500); 342
 BF37 = max(0, DISTROAD - 2.500); 471
 BF39 = max(0, DISTROAD - 4.000); 268
Y = -0.168 + 0.024 * BF1 - 0.137 * BF2 + 0.100 * BF3 - 0.050 * BF5
            + 0.077 * BF6 + 0.017 * BF7 + 0.008 * BF8 + 0.007 * BF9
            + 0.017 * BF10 - 0.005 * BF11 + 0.040 * BF12
            - 0.040 * BF15 + 0.023 * BF16 - 0.053 * BF18
            + 0.028 * BF20 - 0.028 * BF22 - 0.129 * BF23
            + 0.038 * BF24 + 0.026 * BF25 - 0.010 * BF26
            - 0.003 * BF27 + 0.053 * BF28 + .588324E-03 * BF29
            + 0.006 * BF30 - 0.003 * BF32 + 0.047 * BF33
            - 1.498 * BF35 + 0.585 * BF37 + 0.979 * BF39;
high (i.e., 16 years). Note that 88 households are headed by a person with 16 or
more years of education.HAUGHTON AND LE 93
Figure 2a. Estimated Diff Log Exp/cap in terms of KIDS92 for different values of
EDUCYR98 (7, 12, and 16) and MEDYR98M(0 and 1), and for HHSIZE92=5
Figure 2b. Box plots of Diff Log Exp/cap by KID92 and level of education of head (none,
primary, secondary, tertiary)PHILIPPINE JOURNAL OF DEVELOPMENT 2005 94
A very interesting issue from a statistician’s point of view (raised by a
referee) is whether these effects could have been identified with exploratory graphs,
without the help of MARS.  To this effect, this study graphs in Figure 2b the
box-plots of the dependent variable according to the number of children, and the
household head’s educational level (none, primary, secondary and tertiary).  One
can see that the increasing effect of the number of children tends to taper-off after
two children, and that the relationship between the dependent variable and the
number of children seems to depend on the household head’s education.  Thus,
the identification of nonlinearity and interaction made by MARS is visible on an
exploratory plot a-posteriori.  Of course, the problem here is that with the
presence of a large number of predictors, it may be hard for the modeler to think
about which graphs to explore a-priori.  This issue is the core of statistical
research which attempts to identify interactions (and nonlinearities) automati-
cally.  A recent work by Friedman and Popescu (2005) is an interesting reference
on this issue.
If one examines the effects of DOMGIVE on the dependent variable, one can
see that DOMGIVE interacts with NOSICK92:  When the number of sick house-
hold members is zero, the coefficient of DOMGIVE is -0.152. When the number of
sick household members is greater than or equal to 1, the coefficient is given by
the equation -0.023 - 0.028 (NOSICK92-1), which equals -0.023 when NOSICK92
equals 1. Coefficients yielded are -0.051 for two sick household members and
-0.079 for three sick household members.  This qualifies the result of the regression
model, where a coefficient of -0.07 results for DOMGIVE.
Figure 3 depicts the effect of the household head’s years of education for
the following combinations of KIDS92 and HHSIZE92 values: 2 and 4, 1 and 3, 4
and 6, 4 and 10 (Figure 3a); and 2 and 4, 1 and 3, 4 and 6, 4 and 14 (Figure 3b), and
for values in turns equal to 0 and 1 for MEDYR98M.  For instance, DLE4100 refers
to the graph for the estimated difference in logarithms of expenditure per capita for
four children, household size of 10, and information about the education of the
head’s mother that is not missing.
The sharp increase observed in Figure 3b for very large household sizes
(equal to 14) is an outlier effect since there are only 19 households in the data set
with a household size greater than 12.  Thus, the study replaces the value of 14 for
HHISEZ92 with 10 in Figure 3a, and obtains a clearer picture of the education
effects valid for more typical households.
Interestingly, households with three members and one child (a typical
arrangement consisting of a child and two parents) seem to exhibit the strongest
education effects, at least beyond high school.  Larger households where the
information on the education of the household head’s mother is missing seem to
exhibit smaller effects from their education variable.HAUGHTON AND LE 95
Figure 3a. Estimated Diff Log Exp/cap in terms of EDUCYR98 for different values
of KID92, HHSIZE92 (2 and 4, 1 and 3, 4 and 6, 4 and 10) and MEDYR98M
(0 and 1)
Figure 3b. Estimated Diff Log Exp/cap in terms of EDUCYR98 for different values
of KID92, HHSIZE92 (2 and 4, 1 and 3, 4 and 6, 4 and 14) and MEDYR98M
(0 and 1) (note that HHSIZE92>12 for only 19 households)PHILIPPINE JOURNAL OF DEVELOPMENT 2005 96
Note that the education effect obtained from the linear regression was
borderline significant in the model that included the composition of the house-
hold as independent variables (Table 3; estimated coefficient = 0.0036 with a
p-value of 0.069), and was insignificant in other models.  The analysis in this
paper provides a clearer picture of the relationship between the dependent vari-
able and education.
Figure 4 examines the effects of the variable DISTROAD, which is a measure
of the isolation of the community the household lives in.  Figure 4a depicts this
effect for a range of distances between the community and the road of up to 15
kilometers (the 99th percentile of that variable).  To better visualize typical effects—
since 90 percent of households live in a community at most 3 kilometers from a
road— the range is restricted to up to 3 kilometers in Figure 4c.  Figure 4b is a
graph of box-plots of the dependent variable for different distances to the road.
Figure 4b shows that the dependence of the difference in logarithms of
expenditure per capita on the distance to the road is highly nonlinear.  The box-
plots indicate a decrease in the dependent variable until distances of 3 kilometers
(particularly 3.5 kilometers, where a spike occurs), which MARS identifies as sig-
nificant.  There are 129 households (all rural) in the data set with distances to the
Figure 4a. Estimated Diff Log Exp/cap in terms of DISTROAD for different values of
NOSICK92 (0&1), HHSIZE92 (4&8), and FAC10KML (0&1) for DISTROAD<=15.HAUGHTON AND LE 97
Figure 4b. Boxplots of Diff in Log Exp/cap by DISTROAD
Figure 4c. Est. Diff Log Exp/cap in terms of DISTROAD for different values of
NOSICK92 (0&1), HHSIZE92 (4&8), and FAC10KML (0&1) for DISTROAD<=3PHILIPPINE JOURNAL OF DEVELOPMENT 2005 98
road of between 3 kilometers and 3.5 kilometers (inclusive), but only 16 house-
holds with a distance to the road of 3.5 kilometers. Thus, the spike represents an
outlier effect to some extent.  The fact that MARS has identified this effect is quite
useful because the effect of the distance to the road near other values of that
variable might otherwise be masked by these influential observations, and one
might conclude that the distance to the road has little or no effect on the depen-
dent variable.  Also note that the linear regression model only identified a signifi-
cant negative slope for the distance to the road.
The presence of a factory within 10 kilometers of the commune is less impor-
tant than that of the distance to the road; the positive effect of such a presence
(see BF18 and its coefficient in Table 5) occurs for households who did not give
out remittances.
CONCLUSIONS
This paper presents a methodology for modeling shifts in living standards, which
could provide a clearer picture of the dependence between the difference in con-
sumption and predictors than the picture obtained through standard linear regres-
sion.
In sum, the study has used Tetrad to build a Directed Acyclic Graph con-
necting predictors among themselves and to the difference in (logarithm of) con-
sumption between 1992 and 1998.  Then, to build a MARS model, it uses as
independent variables the predictors identified by Tetrad as links into the depen-
dent variable as well as the variable on the education of the household head. The
resulting model is simply a least-squares model but with judicious transformations
of the predictors to capture nonlinearities and interactions.
The variable on the education of the household head, identified as border-
line significant in one of the linear regression models, clearly intervenes in the
MARS model, and its effect depends on the composition and size of the house-
hold, with the greater benefits of education beyond high school accruing to small
households with very few (such as one) children.
The model also reveals that the effect of the number of children on the
difference in consumption depends on the educational level of the household
head, and in any case manifests itself essentially only up to two children (That is,
there are very small marginal benefits to additional children).  The linear regression
model identified a positive significant slope for the number of children, but is not
in a position to determine that such slope is negative (up to two children) for very
high  educational levels of the household head (16 years), or that the effect tapers-
off after two children.
Interesting interactions were revealed between the infrastructure of the com-
munity and household characteristics such as its size, and outlier effects wereHAUGHTON AND LE 99
uncovered in the relationship between the difference in consumption and the
distance between the community and the nearest road.
The Tetrad model suggests that the age of the household head is an indirect
rather than direct determinant of shifts in living standards.
The methods described in this paper, inclusive of the graphical approach to
interpret interactions, will benefit modeling efforts in the area of living standards.
Theory might provide some guidance as to the type of variables to consider as
predictors but very little, if any, on the functional form of the relationship between
the dependent variable and the predictors.  Standard linear regression models run
the risk of presenting too simple a picture of reality by missing interactions or
nonlinearities, or missing important effects because of functional misspecification.
Standard regression models sometimes also attempt to adjust for functional
misspecification by including variables that are only spuriously significant as
predictors.  Tetrad can help ferret out these spurious relationships.
Other interesting hypotheses could be entertained in future work.  For ex-
ample, the issue of the impact of diversified (i.e., between formal and informal
sectors) household incomes, of employment in high growth areas, and/or of the
pensioner status of household members, on shifts in living standards is also of
interest.  Another interesting issue is whether different employment opportunities
and transfer levels across regions might correspond, as one might expect, to
regional differences in the shifts in living standards.
Finally, it might be worthwhile to revisit existing models for countries where
panel data are available, such as for the Philippines (Family Income and Expendi-
ture Survey, the most recent of which is for 2003; and/or the Annual Poverty
Indicator Survey, the most recent of which is for 2002), to see if additional insights
might be gleaned from the resulting models.PHILIPPINE JOURNAL OF DEVELOPMENT 2005 100
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